Abstract. Past studies on soil moisture spatial variability have been mainly conducted at catchment scales where soil moisture is often sampled over a short time period; as a result, the observed soil moisture often exhibited smaller dynamic ranges, which prevented the complete revelation of soil moisture spatial variability as a function of mean soil moisture. In this study, spatial statistics (mean, spatial variability and skewness) of in situ soil moisture, modeled and satellite-retrieved soil moisture obtained in a warm season (198 days) were examined over three large climate regions in the US. The study found that spatial moments of in situ measurements strongly depend on climates, with distinct mean, spatial variability and skewness observed in each climate zone. In addition, an upward convex shape, which was revealed in several smaller scale studies, was observed for the relationship between spatial variability of in situ soil moisture and its spatial mean when statistics from dry, intermediate, and wet climates were combined. This upward convex shape was vaguely or partially observable in modeled and satellite-retrieved soil moisture estimates due to their smaller dynamic ranges. Despite different environmental controls on large-scale soil moisture spatial variability, the correlation between spatial variability and mean soil moisture remained similar to that observed at small scales, which is attributed to the boundedness of soil moisture. From the smaller support (effective area or volume represented by a measurement or estimate) to larger ones, soil moisture spatial variability decreased in each climate region. The scale dependency of spatial variability all followed the power law, but data with large supports showed stronger scale dependency than those with smaller supports. The scale dependency of soil moisture variability also varied with climates, which may be linked to the scale dependency of precipitation spatial variability. Influences of environmental controls on soil moisture spatial variability at large scales are discussed. The results of this study should be useful for diagnosing large scale soil moisture estimates and for improving the estimation of land surface processes.
Introduction
Spatial variability of soil moisture plays an important role in the estimation of land surface fluxes (evapo-transpiration (ET) and runoff), due to the non-linear relationship between soil moisture and the associated physical processes. Characterizing soil moisture spatial variability is also important for validating satellite-derived soil moisture, as the number of soil samples needed to accurately represent the spatial mean within the footprint of satellites depends on soil moisture spatial variability (Brocca et al., 2012; Famiglietti et al., 2008; Wang et al., 2008) . In addition, since the footprint of satellite-derived soil moisture is often larger than the resolution of many hydrological applications, downscaling retrieved soil moisture is often necessary, which can be helped with knowledge of soil moisture spatial variability and its scale dependency.
Many field experiments have been conducted at catchment scales to measure soil moisture in high spatial density and to examine the spatial variability of soil moisture. One important aspect of soil moisture spatial variability that has been repeatedly investigated is its dependency on spatial mean soil moisture. Various conclusions have been reached about this relationship (see reviews by Choi et al., 2007; Ryu and Famiglietti, 2005; Famiglietti et al., 1999 Famiglietti et al., , 2008 : some studies have indicated that spatial variability increased as mean soil moisture became wetter while others have indicated just the opposite. Several hypotheses have been explored as to how the two opposite correlations could co-exist (Crow and Wood, 1999; Rodriguez-Iturbe et al., 1995) . Famiglietti et al. (2008) , Brocca et al. (2012) and Rosenbaum et al. (2012) showed an upward convex (or concave) relationship that consists of both negative and positive correlations. A noticeable shortcoming of past studies is that they are based on data collected in a short time period and/or in specific climate regions (most with intermediate precipitation), which limited the dynamic range of soil moisture and prevented the full revelation of this relationship.
The theoretical foundation for scaling spatial variability is the power law, which states that the spatial variability at one scale is related to that at another scale by the power of a scaling factor (Crow and Wood, 2002; Hu et al., 1998) . Studies using spatial aggregations have shown that the relationship between soil moisture variability and its spatial resolution generally follows the power law (Crow and Wood, 2002; Hu et al., 1998; Parada and Liang, 2003) . Famiglietti et al. (2008) and Brocca et al. (2012) examined another aspect of the power law using field measurements, that is, the relationship between spatial variability and the extent (the maximum spatial range of measurements) and showed that the variability of soil moisture increased as the extent (< 50 km) increased. There is no knowledge about the scale dependency of spatial variability at even larger extents, which can be important for understanding the scale dependency of large-scale land surface processes that interact with soil moisture.
In addition to in situ measurements, models provide spatially and temporally continuous soil moisture estimates with global coverage. Model estimates are derived based on largescale representations of static parameters and meteorological forcing fields and inevitably impacted by imperfect model physics and parameters. Satellite-derived soil moisture estimates also provide global coverage but are influenced by errors in retrieval procedures and limitations of the sensor (Jackson, 1993; Njoku et al., 2003) , in addition to their larger spatial representations. Studying the spatial variability of these two data sources along with in situ data should provide additional insights into the nature of soil moisture spatial variability and its scale dependency, as well as useful information for improving model estimated soil moisture.
The objective of this study is to examine the spatial variability of in situ, modeled and remotely sensed soil moisture at large extents (> 100 km) over different climate regions and their scale dependency. The three types of data are: in situ soil moisture measurements from the Soil Climate Analysis Network (SCAN, Schaefer et al., 2007) , North American Land Data Assimilation System (NLDAS) Noah model estimates, and Advanced Microwave Scanning Radiometer-EOS (AMSR-E) soil moisture retrievals. The SCAN network, which has stations across the US, provides diverse climate conditions to study the impact of climate on the spatial variability of soil moisture in a more complete soil moisture range than examined in previous studies.
In the rest of the paper, the scale triplet, spacing (the distance between two sampling locations), support (the effective area or volume represented by each data type) and extent (maximum spatial distance covering all sampling points), as defined by Western and Blösch (1999) , is used to discuss the scale dependency of soil moisture spatial variability. Figure 1 shows the location of the 109 SCAN sites used for this study. To study the relationship between soil moisture variability and climate, the continental US was split into three regions along the −104 • and −96 • longitude lines: West, Mid-continent (MidCon) and East, which roughly represent dry (noting that no SCAN sites exist on West Coast), intermediate and wet conditions, respectively. In West and East, two sub-regions were further chosen to create a smaller extent for statistical analysis. The sub-region in West essentially encompasses the state of Utah (thereafter referred to as Utah) and the sub-region in East is located in the Mississippi/Tennessee/Alabama area (referred to as MissTenn). No sub-region was selected for MidCon due to lack of densely located SCAN stations in the region. The number of SCAN locations in each region is given in Table 1 . The extent is about 500 to 700 km for the sub-regions and about 2000 to 3000 km for the three large climate regions. Figure 1 also shows three series of concentric squares, with side lengths ranging from 110 to 1500 km, which were used to study the scale dependency of modeled and remotely sensed soil moisture in Sect. 4.4.
Data and study design
Most SCAN stations began measuring soil moisture in the early 1990s, while new stations such as those in Utah were added in 2007. To include as many stations as possible, 2008 was chosen as the study year, which was further limited to 1 May-15 November (198 days) to eliminate the impact of freezing/thawing conditions on the analysis. SCAN soil moisture is recorded hourly at the 5, 10, 20, 50 and 100 cm depths using Hydro Probe, which converts soil dielectric permittivity to water content through calibrated equations (Seyfried et al., 2005) . As SCAN stations generally are located in agricultural areas, typical soil types are silt loam and fine sandy loam.
Modeled soil moisture fields were generated by the Noah land surface model embedded in NLDAS (Mitchell et al., 2004) . Noah has been developed and maintained by NOAA's Environment Modeling Center for use in their coupled weather forecasting system. The soil moisture simulation of Noah is based on a vertical discretization of the Richards' equation into four soil layers with thicknesses of 10, 30, 60, and 100 cm. Noah was never calibrated against SCAN soil moisture and thus its estimates are independent of the in situ measurements. NLDAS precipitation is based on daily measurements from over 10 000 gauges located in the US, which are then temporally disaggregated into hourly data using hourly Doppler radar images (Cosgrove et al., 2003) . As given in Table 2 , NLDAS precipitation (for the study period) generally agrees with gauged data recorded at SCAN sites, especially in terms of capturing climate differences in each region. For NLDAS, total precipitation averaged over all grid points in each region is also provided in Table 2, which shows some differences from those averaged over SCAN locations only, due to the scattered nature of the SCAN network. The 1-km STATSGO soil texture used by NLDAS/Noah was also found (not shown) in good agreement with field soil descriptions at SCAN sites. Hourly Noah soil moisture estimates, which are integrated on a 0.125-degree grid were extracted from archived NLDAS/Noah outputs (http://www.emc.ncep.noaa.gov/mmb/nldas/). Advanced Microwave Scanning Radiometer for EOS (AMSR-E) soil moisture retrievals produced by the NOAA's National Environmental Satellite, Data and Information Service (Zhan et al., 2008) were used in this study. This AMSR-E product, derived from the X-band frequency brightness temperature using the Single Channel Retrieval algorithm (Jackson, 1993) , has larger dynamic ranges than the official AMSR-E product (Njoku et al., 2003) with more realistic mean values in wetter climates than the official product (not shown). The sensing depth of the AMSR instrument is believed to be about 1-2 cm from the surface (Njoku et al., 2003) . AMSR-E retrievals, with a 25 by 25 km spatial resolution and ca. 1-2 retrievals per day, have the largest support among the three data types.
Statistical moments
To analyze the three data sets, the first three statistical moments were calculated for daily soil moisture values in each climate region and sub-region. All statistics were calculated using NCL (http://www.ncl.ucar.edu/overview.shtml) buildin functions and their mathematical formulations are provided here. For N soil moisture values on day t in any given region, their spatial mean, M, is given by
where θ i,t is the soil moisture at location i on day t. Following the same notation, the spatial variability of soil moisture is measured by the sample standard deviation,
and the skewness, which measures the asymmetry of data distribution, is defined as
For two soil moisture time series at any given location (i), their temporal correlation is given by the Pearson correlation coefficient:
where superscripts 1 and 2 represent the two time series; N t is the number of data points in the time series, which is 198 days for this study; Y i and σ i are the temporal mean and standard deviation at location i, respectively.
Results

Mean, spatial variability and skewness
Daily soil moisture of SCAN, Noah and AMSR-E was first calculated at each SCAN location and then used to compute spatial statistics -mean, variability and skewness -in each region (climate and sub-region) for each data set. Because AMSR-E retrievals are surface observations only, the statistical analysis was limited to the SCAN measurements at the 5-cm depth and the top layer of Noah estimates. All soil moisture values used for statistical calculations and presented in the graphs are in volumetric water content (cm 3 cm −3 ). Figure 2 is the box plot of the daily mean soil moisture for the three data types in each region. The lower, center and upper limits of each box represent the 25th, 50th and 75th percentiles of spatial means while the two whiskers represent the minimum and maximum value in each data set. All three data types show sensitivity to climate conditions with median soil moisture increasing from the West to the East. Observed soil moisture (SCAN and AMSR-E) is more sensitive to changes in climate conditions than Noah, whose median soil moisture increases less than the others as the climate becomes wetter.
Noah and AMSR-E estimates have smaller dynamic ranges in all regions, as the boxes are generally smaller than those of SCAN. In West and Utah, Noah estimates show positive bias relative to SCAN, with the median value near 0.2. AMSR-E retrievals, on the other hand, generally exhibit a drier bias in each region. Temporally averaged (over the 198 days) daily mean values given in Table 1 further confirm these biases. Many factors could contribute to these discrepancies in spatial means. AMSR-E soil moisture data were affected by the shallow sensing depth (1-2 cm) and lack of retrievals during rainfall, which may have reduced their ability to capture the seasonal variability seen in the SCAN and Noah soil moisture datasets. The reduced sensitivity of Xband brightness temperature to soil moisture in the growing season may also prevent accurate retrievals (Jackson, 1993) . Similarly, Noah soil moisture is affected by inaccurate model parameters (including dynamic forcing fields) and deficiencies in model physics. Both Noah and AMSR-E soil moisture are also averaged values over an area where the vegetation cover, soil texture and the atmospheric forcing may differ from those at the location of SCAN sites. Exploring the exact cause for such deviations is beyond the scope of this study; instead, the rest of this study focuses on how mean soil moisture, in particular, its magnitude relative to the mid-range soil moisture (defined as the arithmetic mean of the maximum and minimum soil moisture), affects the higher moments of soil moisture. The soil moisture range for AMSR-E is 0-0.5 and about 0-0.45 for SCAN data, based on the tested soil types (Seyfried et al., 2005) . Noah soil moisture is limited by the wilting point and porosity, which are 0.07 and 0.44, respectively, based on the averaged values of all soil types appeared in the study area. Given the limited information on SCAN soil properties, the mid-range soil moisture is approximately at 0.2 for SCAN and 0.25 for Noah and AMSR-E. Figure 3 shows the standard deviation of daily soil moisture as a function of spatial means. For SCAN soil moisture, statistics from all regions collectively suggested an upward convex relationship. In West and Utah, soil moisture variability increases as soils become wetter, i.e., positive correlation, while the opposite is observed in East and Miss-Tenn (more noticeable in Miss-Tenn). The spatial variability peaks in MidCon where no obvious trend is observed. This upward convexity was observed in some previous studies in smaller scales (e.g., Famiglietti et al., 2008; Brocca et al., 2007 Brocca et al., , 2012 Rosenbaum et al., 2012) but has not been observed at the continental scale. Comparing SCAN statistics in Figs. 2 and 3 reveals that the upward convexity is directly linked to the overall soil wetness: when mean soil moisture is below its mid-range (as in West and Utah), soil moisture variability increases with soil wetness; when mean soil moisture is above 0.2 (in East and Miss-Tenn), the variability decreases with increased wetness. In MidCon where mean soil moisture values are centered at 0.2, no trend is observed, and overall variability is the highest. This transitioning of correlation from the positive to negative around the mid-range soil moisture was also noted by Penn et al. (2009) and Rosenbaum et al. (2012) . Rosenbaum et al. (2012) also showed a more substantial decreasing trend in the wetter range of soil moisture, which is missing in East because mean soil moisture in the region did not reach the wetter end.
Spatial variability of Noah soil moisture shows positive correlation with mean soil moisture in West and Utah and no correlation in other regions. The lack of negative correlation in East/Miss-Tenn is associated with the fact that the spatial means of these two regions are very close to the midrange soil moisture. As SCAN, Noah soil moisture exhibits the largest spatial variability in MidCon. The spatial variability of AMSR-E soil moisture, on the other hand, shows positive correlation with mean soil moisture in all regions. This behavior is also linked to the fact that the median mean of AMSR-E retrievals is always near or below its mid-range soil moisture (0.25) in each region (Fig. 2) . More discussions on the contributing factors to this upward convexity will be given in Sect. 4.3.
To illustrate the temporal variation of spatial variability, Fig. 4 shows the time series of spatial mean soil moisture, soil moisture spatial variability (StD) and mean precipitation in the three climate regions. SCAN soil moisture shows strong seasonality with larger dynamic ranges. Noah soil moisture exhibits similar seasonality but with smaller dynamic ranges and noticeable wetter conditions in the summer. Both of them also show strong correlation with daily precipitation. No similar seasonality is observed in AMSR-E soil moisture, which may be attributed to its shallow sensing depth and reduced sensitivity of brightness temperatures to moisture content in the growing season when vegetation water content is high (Jackson, 1993) .
Temporal correlations and root mean square errors (RMSE) of the Noah and AMSR-E estimates with respect to SCAN soil moisture at each SCAN site were also calculated and their region-averaged values are given in Table 3 . Noah shows better correlation and lower RMSE than AMSR-E in all regions, except in West where AMSR-E has lower RMSE. As can be seen from Fig. 4 , the low correlation of AMSR-E with SCAN measurements mainly stems from its lack of seasonality and no correlation with daily precipitation. As discussed earlier, many factors contributed to the difference between AMSR-E/Noah and SCAN soil moisture including the scattered nature of SCAN sites in each region. Thus, these statistics are provided for quantifying the difference between the two data sets and for the purpose of discussing their impacts on spatial variability and are not presented as evaluations of Noah and AMSR-E soil moisture.
The temporal variation of spatial variability in Fig. 4 follows the correlation between spatial variability and mean soil moisture as observed in Fig. 3 . For instance, spatial variability increases/decreases as mean soil moisture increases/decreases in West for all three data sets. The spatial variability of Noah and AMSR-E generally varies less than that of SCAN, resulting from their smaller dynamic ranges. While the dynamic range of mean soil moisture for SCAN data remains more or less the same across all regions, the dynamic range of its spatial variability decreases from West to East. This is due to the fact that soil moisture in MidCon and East fluctuates around its mid-range soil moisture and therefore any increasing or decreasing trend of spatial variability is frequently reversed. Similar behaviors are seen with Noah estimates, but not with AMSR-E retrievals. These results demonstrate that soil moisture spatial variability is sensitive to mean soil moisture, especially its relative magnitude with respect to the mid-range soil moisture, and its temporal variability. Skewness measures the asymmetry of a probability distribution and is important for ensemble-related data assimilation techniques, which often assume normality. Figure 5 shows the skewness of daily soil moisture for the three data types. SCAN exhibits climate dependent skewness: soil moisture is positively skewed in West and Utah, negatively skewed in East and Miss-Tenn, and centered at zeroskewness in MidCon. These behaviors can be explained using the boundedness of soil moisture. For example, in the dry climate where median soil moisture value is smaller than the mid-range soil moisture, the left tail (representing values below the median) of soil moisture distributions is suppressed by the zero bound, which leads to positive skewness.
Noah estimates exhibit a somewhat similar behavior in skewness across different climate zones. Because their mean values do not reach very dry and wet ends of the full soil moisture range, soil moisture in West and East is only slightly skewed. There are some strayed data points in Utah that have negative skewness, even though the means are less than its mid-range soil moisture. This is associated with the relative uniform soil moisture conditions in June that made the statistics less representative. AMSR-E soil moisture, on the other hand, shows all positive skewness in each region, which is caused by its drier than its mid-range spatial means in all regions.
Impact of sampling density on spatial mean and spatial variability
Due to the limitation of the SCAN network, the above statistical analyses were based on scattered data points that may not represent the true averaged behavior of soil moisture in each region. To evaluate the impact of sampling sizes (number of sampling points within each region), daily mean and spatial variability of Noah soil moisture were calculated using all grid points (between 25 • N and 49 • N for all three regions and the east of 121 • W for West to exclude the coastal area) and compared with those using data at SCAN locations only. The scatter plot of Fig. 6 (left panel) shows that daily means calculated using the two sampling schemes are nearly unbiased in each region. This is further confirmed by their temporally averaged mean values in Table 1 . This result suggests that the true spatial mean of Noah soil moisture in each region is sufficiently sampled by data (i.e., Noah soil moisture) at SCAN locations alone. Similarly, the standard deviation (right panel) calculated from SCAN locations is in generally good agreement with that based on all grid points, except in West and MidCon where larger deviations are observed. Figure 7 shows that spatial variability of Noah soil moisture calculated from all grid points exhibits similar climate dependency as that in Fig. 3 . With increased sample sizes, the impact of extents is more evident as the variability in West and East is noticeably larger than those in Utah and Miss-Tenn. The uneven spatial distribution of SCAN sites may be responsible for the lack of impact of scales on spatial variability as shown in Fig. 3 . Table 1 shows that, on average, the spatial variability of soil moisture did not change significantly with increased sampling density in most regions, except in MidCon and West, suggesting that the spatial variability of Noah estimates as sampled at SCAN locations is representative of Noah's true soil moisture spatial variability. The significant increase of spatial variability in West is likely associated with the increase in total precipitation (see Table 2 ) when all grid points were sampled. Increasing precipitation increased the wetness of soil moisture, which led to increased spatial variability because of the positive correlation between spatial variability and mean soil moisture in West. In MidCon, mean soil moisture slightly increased even though precipitation decreased with increased sampling, indicating that SCAN locations missed some low precipitation spots. This preferential sampling of the SCAN network may be the reason why spatial variability decreased with increased sampling in MidCon.
Because the support of SCAN soil moisture is smaller than that of Noah estimates, this test does not necessarily imply that the mean and spatial variability at the point scale are accurately captured by SCAN soil moisture. However, given the good correlations between SCAN and Noah soil moisture (Table 3 ) and the agreement between NLDAS and SCAN precipitation (Table 2) , this test provides some confidence that statistics based on SCAN data are representative of the climate condition in each region.
Factors contributing to soil moisture spatial variability
Previous studies have linked factors such as atmospheric forcing, ET, soil texture, topographical features and vegetation types (see review by Rosenbaum et al., 2012) to soil moisture spatial variability and its relationship with mean soil moisture. For the scale of this study, physical processes such as precipitation and ET (which includes the effect of vegetation and radiation) are the major contributors to soil moisture spatial variability. Topography, which mainly affects soil moisture distribution at hillslope scales, does not play a significant role because SCAN sites are separated by much longer distances. Soil texture, which affects soil moisture through root zone uptake and drainage, also plays a lesser role than atmospheric forcing at large scales. For instance, drainage occurring at a northwestern US location may differ from that at a southwestern US location due to soil texture, but the spatial variability of precipitation and ET at these two locations plays an even stronger role in their differences. Note that even though soil types observed at SCAN sites are limited (mainly silt loam and fine sandy loam), it does not mean that the spatial variability of soil moisture is significantly under-represented by SCAN data because their spatial distribution can capture a significant degree of variability in precipitation. Figure 8 shows that precipitation spatial variability always positively correlates with mean precipitation, regardless of climate conditions. But the effect of precipitation on soil moisture spatial variability depends on soil water capacity in each climate. In dry climates where soils have large water capacity, soil moisture is responsive to changes in precipitation (see Fig. 4 ), i.e., a larger increase in precipitation leads to a larger increase in soil moisture. This strong correlation means that increased precipitation results in increased soil wetness which then leads to increased soil moisture spatial variability due to the positive correlation between precipitation variability and mean precipitation. Thus, precipitation alone can be responsible for the positive correlation between soil moisture spatial variability and mean soil moisture in the West and Utah. In addition, ET is constrained by moisture availability in a dry climate and is positively correlated with precipitation (Xia et al., 2012) , meaning it also contributes to the positive correlation in the same way as precipitation.
The relationship between precipitation and soil moisture becomes more complex in wet climates due to reduced available soil water capacity. With increased precipitation, more runoff is generated and so not all precipitation spatial variability is transferred to soil moisture. Impacts of ET on soil moisture also decrease because ET is now limited by energy availability. Rosenbaum et al. (2012) used the reduced impact from ET to explain the negative correlation between spatial variability and mean soil moisture. As soil becomes even wetter, soil moisture approaches its upper limit, saturation, where a minimum spatial variability should be reached because a bounded distribution normally exhibits minimum variances at the boundaries (Western et al., 2003) . In the case of soil moisture, spatial variability at its two bounds should equal the spatial variability of wilting point and porosity (Western et al., 2003; Famiglietti et al., 2008) . Indeed, spatial variability of Noah soil moisture is larger than the spatial variability of wilting points (not shown) used in the model in the drier range of soil moisture and larger than the spatial variability of porosity in the wetter range.
From a physical point of view, boundedness causes related physical processes to lose their interactions with soil moisture at the wilting point and saturation; as a result, the maximum spatial variability should occur around the mid-range soil moisture where boundedness has the weakest impact. Consequently, the positive and negative correlation should co-exist if spatial means extend to both the drier and wetter side of the soil moisture range as seen in SCAN soil moisture. However, the degree of correlation and the peak value in the upward convexity, which reflect the strength of the interaction between physical processes and soil moisture, should depend on the processes involved and their relative strength.
Scale dependency of spatial variability
To explore the scale dependency of soil moisture spatial variability and its relationship with climate, a range of extents shown in Fig. 1 (dark and light green concentric squares) were used to calculate the spatial variability of Noah and AMSR-E soil moisture. Since SCAN soil moisture only has one extent in MidCon, spatial variability of soil moisture by Famiglietti et al. (2008) at the 2.5 m, 16 m, 100 m, 800 m, 1600 m and 50 000 m extents (values taken from their Fig. 11) were combined with SCAN spatial variability in MidCon. Most their measurements were obtained from the Great Plains, which has the similar climate condition as MidCon. To obtain a unique spatial variability value for each extent, the daily spatial variability of SCAN, Noah and AMSR-E were averaged over the 198 days and plotted against extents in Fig. 9 .
Log-transformation was used in Fig. 9 because, based on the self-similarity theory, the spatial variability is related to scales in an exponential function (the so-called power law), which can be linearized through log-transformation (Hu et al., 1998) as
where λ represents the scale (in this case the extent); σ λ is the spatial variability (standard deviation) at scale λ; C is a constant; H is a scaling factor indicating the degree of dependency of spatial variability on scales. Following this relationship, linear relations were fitted for each data type (black lines in Fig. 9 ) and the slopes (H ) are given in Table 4 . The spatial variability of soil moisture increases as extents increase, with the increasing rate depending on data types and climate regions as shown in Table 4 . From the smallest support (SCAN) to the largest (AMSR-E), the slope increases, meaning spatial variability increases faster as extents increase. This phenomenon can be explained by the diminished influence of supports on spatial variability with increasing extent. Specifically, the difference in supports will become negligible at large extents where spatial variability has reached such a high level that finer scale spatial variability becomes negligible. Because data sets with larger supports begin with lower spatial variability at smaller extents, their spatial variability has to increase at a faster rate to reach the same level of large scale spatial variability.
From the smallest (SCAN) to the largest support (AMSR-E), soil moisture spatial variability decreases in each region. Note that the spatial variability of SCAN soil moisture in Fig. 9 was derived from climate regions and subregions, while the spatial variability of Noah and AMSR-E were obtained from the concentric squares (shown in Fig. 1) . However, the increased spatial variability with decreasing supports is true even when all statistics were calculated in the same region as shown in Table 1 . In either case, the reduced spatial variability in AMSR-E and Noah (compared to that in SCAN) is mainly caused by reduced occurrences of extreme soil moisture values due to the use of spatially and temporally averaged forcing and parameter fields for Noah, and the large footprint of the sensor and maximum of two retrievals per day for AMSR-E. The spatial variability of AMSR-E becomes closer to that of Noah as the climate condition changes from dry to wet. This may indicate increased spatial correlation in wetter soil conditions which smoothes out the difference in spatial variability at the support of Noah and AMSR-E. In theory, a linear relationship could also be fit for the log-(spatial variability) versus log-support which was not attempted due to an insufficient number of SCAN sites within each concentric square. From the dry to wet climate, AMSR-E retrievals and Noah estimates exhibit the weakest scale dependency in MidCon and the strongest scale dependency in the East. To identify the source of such climate dependency for Noah soil moisture, the slope of NLDAS precipitation scale dependency is also provided in Table 4 . The spatial variability of NLDAS precipitation exhibits climate dependency that is similar to that of Noah soil moisture, confirming the strong influence of precipitation on soil moisture and its spatial variability as discussed in Sect. 4.3. One explanation for the weaker scale dependency of precipitation in MidCon is that the climate does not change as much as in West and East when the extent scale increases. For instance, with increasing extents in the West, precipitation differences between the wetter North and drier South become even larger, which leads to a larger (compared to that in MidCon) increase in precipitation spatial variability. Figure 9 shows that data obtained from Famiglietti et al. (2008) and the SCAN data in MidCon can be fit by a linear function, suggesting that a single scaling relationship can potentially be used to scale spatial variability from very small scales to much larger scales. Brocca et al. (2012) reported a slope of 0.16, using data collected in a similar climate condition as MidCon. Note that soil moisture data from Famiglietti et al. (2008) represent the top 6 cm of soil and were gathered from field campaigns conducted in different years (1997, 1999, 2002 and 2003) , while SCAN soil moisture was measured hourly at 5 cm in 2008. Using temporally averaged spatial variability values mitigated some of the impacts associated with sampling frequency and sampling periods since the dynamic range of spatial variability in June and July (sampling periods of Famiglietti et al., 2008) is very close to that of the entire period (Fig. 4) . There was also no report of shallow groundwater, which can impact the vertical distribution of soil moisture (Rosenbaum et al., 2012) , at the Famiglietti et al. (2008) and SCAN sites and so the behavior of soil moisture spatial variability at 5 cm is expected to be similar to that of the top 6 cm of soil. This apparent linear relationship should be further tested when more in situ soil moisture data become available.
Summary and discussions
We showed that in situ soil moisture exhibited distinct mean, spatial variability and skewness in each climate region. Further, the upward convex shape was observed for the relationship between spatial variability and mean soil moisture with positive and negative correlation for dry and wet climates, respectively, and no apparent correlation in the transition zone. Although this upward convex shape has been observed in much smaller scales, it has never been shown at continental scales and was achieved by merging statistics derived from contrasting climate zones where both the drier and wetter (compared to the mid-range soil moisture) ranges of mean soil moisture were reached. When mean soil moisture extends to both the drier and wetter ends of soil moisture, the upward convex shape results because minimum variability always occurs at the bounds for a bounded variable like soil moisture. Physical processes also influence soil moisture spatial variability and its relationship with mean soil moisture, with the maximum impacts occurring around the mid-range soil moisture where the effect of boundedness is the weakest.
Due to the limited number of SCAN sites in each region, the true mean and spatial variability may differ from that obtained from SCAN data. However, spatial means of SCAN soil moisture are consistent with the climate condition for each region, i.e., driest in West and wettest in East. In conjunction with the effect of boundedness, the upward convexity can still be expected when high spatial density data sets become available; but the degree of correlation in West/East and the maximum correlation in MidCon may change. Note that the correlation between spatial variability and mean soil moisture needs to be discussed with respect to the extent of measurements because the dynamic range of mean soil moisture may change with extents. For instance, the upward convexity can be observed from data collected in a sub-humid or humid region alone (e.g., Famiglietti et al., 2008; Rosenbaum et al., 2012) if spatial means reach to both the drier and wetter range of soil moisture.
Noah modeled soil moisture exhibited much smaller spatial variability than in situ soil moisture due to its larger support where temporally and spatially averaged forcing and parameter fields were used to derive the estimates. In addition, the upward convex relationship is barely discernible and skewness is nearly non-existent because their spatial means are close to the mid-range soil moisture in all regions. AMSR-E soil moisture retrievals, having the largest support, exhibited the smallest spatial variability among all three data types. The spatial variability of the retrievals showed only positive correlation with mean soil moisture, and skewness was also only positive. Despite differences in spatial means due to various reasons, the higher moments of AMSR-E and Noah showed dependencies on mean soil moisture that were similar to those of SCAN: positive correlation/skewness when most of their mean values (represented by the 25-75 percentiles in Fig. 2) were less than the midrange soil moisture of each data set, negative when most spatial means were greater than the mid-range soil moisture and no correlation when means are around or near the mid-range soil moisture. This dependency on mean soil moisture suggests that obtaining appropriate mean soil moisture at any given time (the box plot in Fig. 2 is a collection of all spatial means in 198 days) is critical for accurately modeling soil moisture spatial variability. Penn et al. (2009) showed that soil moisture spatial variability could be modeled correctly even without explicitly representing the topography, a major contributor to the spatial variability in their study site, if spatial mean soil moisture was appropriately simulated. One explanation for that result is that the boundedness of soil moisture largely dictates the dependency of spatial variability on mean soil moisture. Even though AMSR-E retrievals are generally less well validated by SCAN data, they exhibited smaller RMSE (assuming SCAN statistics are representative) than Noah soil moisture in West (Table 3 ) and may be used to improve the spatial mean of model estimates through data assimilation . Data assimilation also provides a way to downscale retrievals in which high spatial and temporal resolution model estimates are dynamically merged with the retrievals.
Although observed and simulated soil moisture exhibited scalability as governed by the power law, their scale dependency differs: data with large supports showed stronger scale dependency than those with finer supports. The scale dependency also varies by climate regions: scale dependency of Noah and AMSR-E soil moisture was strongest in a wet climate and weakest in the transitional zone, which may be a consequence of the scale dependency of precipitation for Noah soil moisture. This relationship between the scale dependency of soil moisture and that of other physical processes has been suggested by Western et al. (2003) but has not been demonstrated in previous studies. One of the major differences of this study is that soil moisture spatial variability was dominated by precipitation variability, which is difficult to examine in small catchments where precipitation is relatively uniform and other controls (e.g., topography and soil texture) may have a stronger influence on soil moisture spatial variability. Future studies should be conducted on how the dependency of soil moisture spatial variability influences that of other processes such as ET and precipitation which would be useful for better understanding the interaction between the land and atmosphere and for improving the prediction of land surface processes. Based on the results presented here, such studies should be conducted in regions with intermediate precipitation such as MidCon where mean soil moisture is around the mid-range and processes can have the largest impact on soil moisture. This region of strong connections was also noted by Dirmeyer et al. (2009) , who showed sustained interactions between soil moisture and precipitation in the Great Plains of the US through coupled landatmosphere modeling. Scalability of spatial variability from continental to catchment scales can be useful for obtaining spatial variability at intermediate scales for which appropriate measurement networks do not exist. Due to the limitations of Famiglietti et al. (2008) and SCAN data such as their differences in sampling depth and sampling period, further studies are needed to examine the scalability of soil moisture spatial variability across a wide range of extents; in particular, the impact of interannual variability of precipitation which is significant in MidCon on soil moisture spatial variability should be investigated.
The analyses described here were based on the full magnitude of soil moisture which contains the time-variant (anomalies) and time-invariant (mean) components. It is unknown if the spatial variability of soil moisture anomalies, which is a greater concern in some applications, exhibits similar climate dependency. Although Mittelbach and Seneviratne (2012) found that soil moisture anomalies only constituted a small percentage of soil moisture spatial variability, they also showed that the spatial variability in anomalies could differ from that in the full magnitude of soil moisture when precipitation changed. Information on the spatial variability of soil moisture anomalies is also critical for validating terrestrial water storage (TWS) products as provided by Gravity Recovery and Climate Experiment (GRACE, Tapley et al., 2004) satellites. GRACE TWS anomalies (deviations from the temporal mean) integrate anomalies in soil moisture, groundwater, snow and surface water, with soil moisture as one of the major components (e.g., Rodell et al., 2007) . Thus, a similar study on the spatial variability of soil moisture anomalies and its scale dependency is also needed and will be conducted in the future when longer in situ data records become available to obtain more reliable mean soil moisture states in each region.
